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 5 
Abstract: 6 
Meaningful forecasting of the atmospheric concentration and ground accumulation of volcanic ash 7 
during explosive eruptions requires detailed knowledge of the eruption source parameters. However, 8 
due to the large uncertainties in observations and limitations of current models used to make 9 
inferences from these, monitoring an ongoing eruption and quantifying the mass eruption rate in real-10 
time is a considerable challenge. Within the EU supersite project “FutureVolc”, an integrated 11 
approach has been applied to develop a quasi-autonomous multi-parameter system, denoted "REFIR", 12 
for monitoring volcanic eruptions in Iceland and assessing the eruption mass flow rate by inverting 13 
the plume height information and taking account of these uncertainties. REFIR has the capability to 14 
ingest and process streaming plume-height data provided by a multitude of ground based sensors, 15 
including C- and X-band radars and web-cam based plume height tracking systems. These 16 
observational data are used with a suite of plume models that also consider the current wind and other 17 
atmospheric conditions, providing statistically assessed best estimates of plume height and mass 18 
eruption rate. Provided instrumental data is available, near real-time estimates are obtained (the delay 19 
corresponding to the scan rate of data-providing instruments, presently of the order of minutes). Using 20 
the Hekla 2000, and Eyjafjallajökull 2010 eruptions in Iceland, the potential of REFIR is 21 
demonstrated and discussed through application to three scenarios. The system has been developed to 22 
provide maximum flexibility. A setup script assists the user in adapting to local conditions, allowing 23 
implementation of REFIR for any volcanic eruption site worldwide. REFIR is designed to be easily 24 
upgradable, allowing future extension of monitoring networks, learning from new events, and 25 
incorporation of new technologies and model improvements. This article gives an overview of the 26 
basic structure, models implemented, functionalities and the computational techniques of REFIR.  27 
 28 
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Highlights: 32 
 A near real-time mass eruption rate monitoring system, named REFIR, is presented 33 
 It follows an integrated approach, using a multitude of sensors and ash plume models 34 
 REFIR was designed for Iceland, but it can readily be adopted elsewhere 35 
 The modular design easily allows the integration of new technologies and models   36 
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1. Introduction 37 
Tephra injected into the atmosphere during explosive volcanic eruptions poses a direct threat to 38 
aviation and when it falls to the ground it can have widespread primary and secondary impacts at 39 
different spatial and temporal scales (Simkin et al. 2001, Jenkins et al. 2015). Volcanic particles can 40 
cause damage to aircraft turbines and engines (Durant et al., 2010; Chen and Zhao, 2015; Giehl et al., 41 
2017), and mitigation through airspace management during explosive eruptions causes travel 42 
disruptions that can potentially affect large areas (see, e.g., Guffanti et al., 2010; Guffanti and Tupper, 43 
2015). The accumulation of tephra can damage buildings  (e.g., Blong 1981, Spence et al., 2005), 44 
critical infrastructure, water reservoirs, crops (Wilson et al., 2012 and 2014) and can significantly 45 
reduce renewable energy production even at large distances from the source (Zorn and Walter, 2016). 46 
Fine volcanic ash (grain sizes <63 µm) may cause short-term health problems in susceptible 47 
individuals or longer-term health problems if individuals are exposed to ash repeatedly for long 48 
periods of time (Baxter, 1999; Horwell and Baxter, 2006; Damby et al., 2017). The 2010 eruption of 49 
Eyjafjallajökull (Iceland) represents an example of how a relatively modest eruption, if long lasting, 50 
can impact air traffic over continental scales and for long periods (Harris et al., 2012). Following the 51 
disruption caused by this eruption, the volcanological community invested a significant effort into the 52 
improvement of observational and modelling techniques for tracking ash clouds in the atmosphere and 53 
forecasting their spatio-temporal evolution. In particular, forecasting the concentration of ash in the 54 
atmosphere requires detailed knowledge of both parameters that describe eruptive conditions, referred 55 
to here as the eruption source parameters (Woods, 1988; Sparks 1997; Mastin et al., 2009, Dellino et 56 
al., 2014), and those describing atmospheric conditions (Hewett et al., 1971; Bursik, 2001; Degruyter 57 
and Bonadonna, 2012, 2013; Devenish, 2013; Woodhouse et al., 2013, 2015; Costa et al., 2016; 58 
Macedonio et al., 2016). Of particular importance is the rate at which material is ejected by the 59 
volcano, known as the mass flux or, “mass eruption rate” (Wilson and Walker, 1987). Mass eruption 60 
rate (MER) represents a crucial input parameter of models that are currently used for simulating 61 
dispersion of volcanic ash in the atmosphere (e.g. Mastin et al., 2013; Bonadonna et al., 2012; Folch, 62 
2012; Folch et al. 2009; Barsotti et al., 2008; Jones et al., 2007; Costa et al., 2006). MER cannot 63 
currently be measured directly at the volcanic vent but several efforts are being made towards the 64 
development of approaches that integrate different monitoring techniques such as time-lapse and 65 
high-speed pixel tracking (Walter, 2011; Taddeucci et al., 2015), measuring emitted infra-sound 66 
waves (Johnson and Ripepe, 2011; Ripepe et al., 2013), thermal infrared signatures (Valade et al., 67 
2014, Cerminara et al., 2015) or changes in the electrostatic field (Büttner et al., 2000; Calvari et al., 68 
2012). The accuracy of MER estimates may, for example, be improved by linking satellite-based 69 
automatic ash plume analysis methods (e.g. Gouhier et al., 2012, 2015; Pouget et al., 2016) with 70 
ground-based video analysis (e.g., Scollo et al., 2014; Witt and Walter, 2017) or Doppler-radar plume 71 
tracking methods (see e.g., Donnadieu et al., 2016). Until now, an indirect approach has typically 72 
been employed that links the observed properties of the volcanic cloud (in particular plume height) to 73 
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the source parameters and the atmospheric conditions. The characteristics and the dynamics of the 74 
eruptive column are closely linked to the source (Sparks et al., 1997; Carazzo et al., 2008; Mastin et 75 
al., 2009; Dellino et al., 2014; Dürig et al., 2015a, 2015b; Dioguardi et al., 2016) and the wind 76 
conditions (Bursik, 2001; Degruyter and Bonadonna, 2012, 2013; Devenish, 2013; Woodhouse et al., 77 
2013; Mastin, 2014).  78 
The relationship between source conditions and plume height (with or without the effect of wind) has 79 
been described using mathematical models of turbulent eruption columns (e.g., Morton et al., 1956). 80 
Numerous strategies for the calculation of MER are available in the volcanological literature. 81 
Elaborate 3D models have been developed (e.g., Oberhuber et al., 1998; Esposti Ongaro et al., 2007; 82 
Suzuki et al., 2016; Cerminara et al., 2016a) and are able to capture the details of plume dynamics 83 
(Cerminara et al., 2016b) but, due to their high computational demand, are currently not suitable for 84 
plume simulations in real-time given the available computational resources. Real-time assessment 85 
hence requires the application of simple empirical or theoretical laws often referred to as “0D” models 86 
or “1D” models solving for the conservation of mass, momentum and energy along the time-averaged 87 
trajectory.  88 
0D models can be either empirical or theoretical. Empirical models result from the regression analyses 89 
between plume height and MER of past eruptions (e.g. Sparks et al., 1997; Mastin et al., 2009; Aubry 90 
et al. 2017) that can be further calibrated for specific cases (e.g. Gudmundsson et al., 2012). 91 
Theoretical models emerge from an analysis of fluid dynamics of turbulent jets and plumes that leads 92 
to the relationship between the maximum plume height and the mass flux at the source (Morton et al., 93 
1956). These have been later modified to take into account the effect of a crossflow (e.g. wind) 94 
(Hewett et al. 1971) and applied to the volcanic case (e.g. Degruyter and Bonadonna, 2012; 95 
Woodhouse et al. 2013). 96 
1D integral models are based on a mathematical description of turbulent buoyant plumes in which 97 
transient turbulent processes are ‘averaged’ so that turbulent mixing is modelled through an 98 
entrainment parameterization, following Morton et al. (1956). In order to obtain MER from the 99 
observed plume height with 1D models, a model inversion is required and an iterative procedure is 100 
employed. A starting value for MER is assumed, the governing equations are solved and a prediction 101 
for the plume height h* obtained and compared with an observation, leading to a refinement of the 102 
boundary conditions until an acceptable match between the height observation and the model 103 
prediction is achieved. In this paper, we refer to Costa et al. (2016) for a detail review of the available 104 
1D models, since REFIR computations are based on the 0D models. A 1D model (Woodhouse et al. 105 
2013) can be optionally invoked as an external routine (see section 3.2.1.1).  106 
In an ideal scenario, MER is provided in (quasi) real time to volcanic cloud dispersion modellers in 107 
order to obtain a continuously updated prediction of how and to what extent volcanic products are 108 
transported in the atmosphere. However, monitoring an ongoing eruption for the time-changing plume 109 
 4 
 
height is a considerable challenge and is affected by uncertainties that propagate into the MER 110 
estimation and dispersion models.  The MER estimates include uncertainties implicit in the model 111 
used to derive them, such as epistemic uncertainties in model parameters, aleatory uncertainty in 112 
model forcings (e.g. atmospheric conditions) and structural uncertainties in the model formulation 113 
(e.g. approximate descriptions of turbulent mixing) (Woodhouse et al., 2015).  114 
Following the strategy of integrating a wide-ranging set of sensors capable of providing observational 115 
information on the eruption source, and combining several approaches to calculate MER, rather than 116 
relying on one single method, a quasi-autonomous real-time multi-parameter system, called REFIR 117 
(Real-time Eruption source parameters FutureVolc Information and Reconnaissance system, see 118 
supplement S1), has been developed within FutureVolc, a project funded by the FP7 Environment 119 
Programme of the European Commission (futurvolc.hi.is; final report can be accessed on: 120 
http://cordis.europa.eu/result/rcn/189791_en.html). The system was designed to make use of manually 121 
entered information as well as streaming data by a multitude of sensors, including C-band radars (i.e., 122 
radar operating on frequencies ranging from 4 to 8 GHz), X-band radars (operating on frequencies of 123 
8-12 GHz), web-cam based plume height tracking systems, imaging ultra-violet and infrared cameras 124 
and electric field sensors. The plume-height data coming from those different sources are processed 125 
by the system, which evaluates the specific uncertainties and applies statistical techniques in order to 126 
assess and plot the current plume height and its estimated uncertainty range. This important eruption 127 
source parameter is used to calculate the MER in near real-time (within a time interval of 5 minutes) 128 
as soon as an eruption has started, based on selected plume models. Different plume models adopt 129 
different assumptions and parameterizations and therefore produce differing values of MER. This is 130 
taken into account in REFIR as the system computes the “best estimate” of MER by using a statistical 131 
approach in combination with user-defined weight factors.  During an eruption outputs from REFIR 132 
can optionally be made available online. 133 
The system has been developed in such a way that it can be used operationally for a large range of 134 
conditions and data availability. The priority has been maximum flexibility, so REFIR requires 135 
minimum adaptation to local conditions (types of volcanoes, monitoring systems, etc.) and can be 136 
implemented at any volcano observatory worldwide. Moreover, the system is designed to be easily 137 
upgraded by, for example, incorporating new additions in monitoring networks and further 138 
refinements in the computational process. 139 
This paper describes the structure, functionalities, the models implemented and the computational 140 
techniques of REFIR. More detailed information on the software can be found in the companion 141 
manual (see supplement S2). The potential of REFIR is demonstrated and discussed for two test cases, 142 
based on monitoring data from two eruptions in Iceland: Hekla in 2000 (Lacasse et al., 2004; 143 
Höskuldsson et al., 2007) and Eyjafjallajökull in 2010 (Gudmundsson et al., 2012; Dellino et al., 144 
2012).  145 
 146 
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2. Description of REFIR  147 
2.1. Target areas and plume height sensors 148 
The REFIR system is currently designed to monitor up to ten volcanoes, whose parameters (name, 149 
GPS coordinates and height of the vent) are specified in an initial configuration file 150 
(“volcano_list.ini”). 151 
In its original Iceland-based “FutureVolc setup”, the file includes the volcanoes Eyjafjallajökull, 152 
Katla, Hekla, Grímsvötn, Vestmannaeyjar, Bárðarbunga, Kverkfjöll, Öræfajökull and Askja (Fig. 1), 153 
which together account for the vast majority of explosive eruptions in Iceland. A tenth slot is reserved 154 
to provide capability for an eruption at a previously unspecified location, reflecting the fact that 155 
eruptions at unexpected sites are not unknown in Iceland. A real name and coordinates of an actual 156 
eruption, if one occurs outside the pre-specified volcanoes, can easily be accommodated by modifying 157 
the configuration file using a simple text editor. 158 
REFIR is currently designed to process automatic plume height data streams from up to 3 x 6 ground-159 
based sensors, which are divided into three classes, based on commonly used plume monitoring 160 
instruments in Iceland:  161 
1. “C-band radar sensors”: REFIR provides slots for up to six radar sensors of this class. 162 
2. “X-band radar sensors”: REFIR provides slots for up to six sensors of this class. 163 
3. “Web cameras”: these sensors provide data on both plume height and on current local 164 
visibility and the attributed uncertainty. Furthermore, these sensor types are typically focused 165 
on a specific volcano. REFIR provides slots for up to six sensors of this class. 166 
The naming of these classes is generic and refer to the setup in Iceland. Thus, “C-band radar” refers to 167 
horizontally scanning instruments at a fixed location and not targeted to a specific volcano (indeed 168 
volcano plume monitoring may not be the primary role of the instrument, e.g. when using a weather 169 
radar station). The “X-band radar” class refers to vertically scanning,mobile instruments brought to a 170 
volcano during an eruption, and the “Web cameras” class refers to fixed instruments proximal to 171 
volcanoes and dedicated to volcano monitoring.   172 
The name of the classes does not preclude the use of other types of sensors within REFIR. Any kind 173 
of sensor capable of automatically providing plume height data streams (e.g. infrared cameras, DOAS 174 
or LiDAR) can be incorporated, by assigning them to the one of the three classes to which it fits best. 175 
The only requirements for plume height sensors to be used for REFIR are that they should be located 176 
at a safe distance from the eruption site to ensure a continuous flow of data, and should be robust 177 
enough to withstand potential adverse environmental conditions, for example when exposed to 178 
volcanic gases. 179 
For the “FutureVolc setup” in Iceland, seven sensors were included: two C-band radar stations (at 180 
Keflavík airport – ISKEF, and Egilsstaðir - ISEGS) operated by the Icelandic Meteorological Office 181 
(IMO) and two mobile X-band radars, denoted ISX1 and ISX2, also operated by the IMO. The 182 
mobility of the latter sensors ensures that they can record ash columns of all sizes (i.e., in theory 183 
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ranging from Strombolian to ultra-Plinian) at any eruption site in Iceland. Furthermore, three 184 
automatic plume-tracking cameras from Mobotix (one modified D14D and two M14 web-cams) have 185 
been mounted, denoted CAM1, CAM2 and CAM3. The cameras are calibrated and used as threefold 186 
auto-tracker: first to estimate weather conditions during eruption, second to calculate plume heights 187 
using a Sobel edge detection techniques approach (see, e.g., Witt and Walter, 2017) and third to track 188 
pixels using particle image velocimetry. 189 
In addition, REFIR ingests plume height data manually added by the user, offering the option to either 190 
specify the source of the entered information (in which case REFIR will automatically assign the 191 
source-specific uncertainties to the data set) or to quantify the range of plume heights directly. 192 
 193 
2.2. The REFIR components and their communication structure 194 
REFIR is a package of python scripts and text files that store, organize, process, communicate and 195 
report data obtained through input streams (see Fig. 2). For details on the individual files, the reader is 196 
referred to the companion manual (see supplement S2). In this paper we focus on three main 197 
components: 198 
1. FIX.py provides a graphical user interface (GUI) that displays the status of data sources (e.g. 199 
radar stations) and allows the system operator to control all input and boundary parameters 200 
needed for the computation of the current MER (see Fig. 3). The script retrieves the relevant 201 
parameters of the selected volcano from the initialization files and generates or updates the 202 
configuration file “fix_config.txt”. In addition, FIX.py provides also an interface to manually 203 
add plume height, plume width and MER information. 204 
2. FOXI.py, a python program which reads the data streams and computes MER by constantly 205 
iterating a sequence of processes with a repetition rate of 5 minutes. 206 
3. FoxScreen.py arranges output files generated by FIX.py and FOXI.py in an overview 207 
window. Since it serves solely the purpose of data presentation, FoxScreen.py is not required 208 
for running REFIR. 209 
 210 
While the programs FIX.py and FoxScreen.py are the main interfaces between the operator and the 211 
system, the actual data processing is conducted within the program FOXI.py. The communication link 212 
between FIX.py and FOXI.py is provided by the configuration data file (“fix_config.txt”). 213 
Information on plume heights, plume width and MER can be manually entered using FIX.py and is 214 
saved and transferred to FOXI.py via additional text files (denoted “fix_OBSin.txt” and 215 
“fix_MERin.txt”, respectively). FIX.py and FOXI.py are the key programs of REFIR, with FOXI.py 216 
being its core element.  217 
 218 
2.3. Plume height data streams:  uncertainties and quality factors  219 
REFIR distinguishes between two main categories of plume height information:  220 
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- “auto-stream data”: data which is streamed automatically  221 
- “manual entry data”: data which is manually entered by the system operator, using the FIX.py 222 
user interface  223 
The latter option can be chosen if, for example, the plume height data from pilot reports or ground 224 
observation should be included, or if the uplink to a correctly working radar station is defective, but 225 
plume height information is received by telephone transmission. 226 
Figure 4 illustrates the “FutureVolc setup” of REFIR which features up to 12 data channels (7 auto-227 
stream and 5 manual entry). In general, the system in its current version can be operated with plume 228 
height data imported via up to 31 channels (i.e., 18 auto-stream channels and 13 manual entry 229 
channels), which can be individually controlled by the system operator (see Fig. 3b). This allows the 230 
operator to have maximum control over all plume height input data and avoid problems that occur 231 
when encountering misleading data from a malfunctioning sensor by simply switching off the 232 
corresponding data channel. 233 
For each datum received, the system automatically assigns the corresponding error margin, depending 234 
on the plume height sensor used (see Table 1).  235 
For the auto-tracking web cams REFIR uses default uncertainties automatically provided by this class 236 
of sensors based on automated analysis of the streaming webcam images. The error bars can therefore 237 
vary during data streaming, depending, e.g. on the visibility conditions. Along with the plume height 238 
value and the uncertainty, the visibility condition is expected to be automatically provided by the 239 
webcams as well. For the Iceland setup, for this purpose an in-house developed software is used, 240 
which applies photogrammetric methods, matching the frames with known characteristic of the 241 
landscape (see manual in supplement S2 for details). The visibility is characterized by a value which 242 
ranges from 0 (no visibility) to 4 (optimal visibility). All plume height information of automatic 243 
webcams is imported as auto-stream data. 244 
The uncertainties for data from radar sensors is computed following Arason et al. (2011) and 245 
considering both the distance between vent and sensor, denoted by d, and the sensor-specific radar 246 
beam width, described by the angle δ, the uncertainties of plume height data, denoted by h, 247 
measured by radar sensors are computed by 248 
∆ℎ =
1
2
𝑑 tan 𝛿. (1) 
We note that this assignment of the observational uncertainty in the radar data assumes that beam 249 
spreading is the dominant component of the measurement error. Radar-derived plume height data can 250 
also be entered manually, in which case the interface provides the operator with the option to specify 251 
the estimated range of plume heights also by hand.  252 
If added plume height information obtained by air or ground observation is not given with an 253 
uncertainty, default values are assigned (see Table 1) based on experiences made in past eruptions 254 
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(Oddsson et al. 2012, Gudmundsson et al., 2015). The same applies also to data from other sources, 255 
for example when entering information derived by the evaluation of satellite images. 256 
Along with the error margins, REFIR also quantifies the expected quality attributed to data from each 257 
of the sensors by assigning a quality factor, denoted by qf, following a decision routine illustrated in 258 
Table 2. For radar sensors, qf ranges from 0 to 3, solely depending on d. In case of auto-tracking 259 
webcams, however, the quality factors can range between 0 and 4 and depend exclusively on the 260 
visibility condition at the time of the plume height measurement. The quality factors play an 261 
important role for finding a best estimate for the current plume height: higher values of qf correspond 262 
to a larger influence of the corresponding datum on the MER estimate. 263 
 264 
2.4. The key data processing levels within REFIR 265 
Figure 5 illustrates the analysis strategy applied by REFIR. Once started, the depicted sequence is 266 
iterated every five minutes, which means that the conclusive estimate of MER (“final best estimate”, 267 
denoted “FMER”) is constantly updated in near-real time. Data are processed in a sequence of three 268 
main data processing levels (marked by different colors in Fig. 5). 269 
1. At the first level (green in Fig. 5), a best estimate for the current height of the plume top is 270 
computed on the basis of the readings provided by the plume height sensors, along with 271 
additional observational information that may be available from aircraft and ground teams 272 
(Section 3.1).  273 
2. At the second level (marked in blue), a user-specified suite of up to five REFIR-internal 274 
plume height models is used to compute predictions of the MER (see Section 3.2.1). Figure 275 
3a shows the default case, where all five models are activated and equally weighed. The 276 
model calculations define a range of possible mass eruption rates, which is further constrained 277 
by a routine that provides a first estimate of the currently expected MER, denoted “RMER” 278 
(i.e. REFIR-internal MER estimate). These values are further constrained by considering 279 
MER estimates made by the wind-affected plume model “PlumeRise” (Woodhouse et al., 280 
2013), which operates external from REFIR, resulting in an interim estimate, named 281 
“CMER”. 282 
3. At the third level (marked in red), independent MER predictions from experimental systems 283 
which will potentially play a major role in future monitoring of volcanic plumes are 284 
considered and used to further constrain the mass eruption rate (see Sections 3.2.2-3.2.3), 285 
finally leading to the conclusive “best estimate” of the current MER, denoted “FMER” (see 286 
Section 3.2.4). Furthermore, an estimate of the total erupted mass is obtained by integrating 287 
the resulting MER values over time (see Section 3.3).  288 
Details of the key routines applied are described in the following section. 289 
 290 
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3. Operations performed in FOXI: the calculation of MER 291 
In this section, the method for assessing the best estimate and the range of uncertainty of the plume 292 
height as measured by different monitoring techniques is explained. The simplified models 293 
implemented in REFIR linking MER to the plume height are then listed and briefly discussed. Finally, 294 
the evaluation of the total erupted mass is introduced. 295 
 296 
3.1. Plume height assessment 297 
FOXI.py collects plume height data from different automated and manually obtained sources. The 298 
time stamps of each data set are noted, and the plume height entries sorted into five time bases: 299 
 15 minute base: contains only plume height data not older than 15 minutes 300 
 30 minute base: contains only plume height data not older than 30 minutes 301 
 60 minute base: contains only plume height data not older than 60 minutes 302 
 180 minute base: contains only plume height data not older than 3 hours 303 
 Auto 30: in this case FOXI.py decides automatically the best time base among 15 or 30 304 
minutes based on the data that are streaming. 305 
Via FIX.py the system operator can set the time base to be used by FOXI. For example, a radar-based 306 
plume height obtained 20 minutes ago is available within the 30, 60 and 180 minute stacks but not 307 
within the 15 minute stack. Thus, the number of data sets available for further processing depends on 308 
(1) the activated data streams and (2) the time base selected by the user (see also section 5.2).  309 
Based on the collected plume heights within the selected time base and on the number of available 310 
data sets (N), FOXI.py carries out a statistical analysis with a reiteration rate of five minutes to obtain 311 
the best estimate of the plume height (h). This value is then used to calculate the mass eruption rate. 312 
There are four possible scenarios given a selected time base (Fig. 6): 313 
1) The analyzed time base is empty (N = 0): no data available, it is not possible to constrain a 314 
value of plume height. In this case FOXI.py skips all further steps and jumps to the end of the 315 
loop. No MER estimate is generated in this run, and the script is paused for 5 minutes, 316 
waiting for new data. 317 
2) Only one data set (e.g. readings from one radar station) is available (N = 1): the best estimate 318 
is set as the average value of the constrained plume heights for the single data set.  319 
3) Two data sets (e.g. readings from two radar stations or from one radar station and webcams) 320 
are available (N = 2):  FOXI.py distinguishes between three different scenarios: 321 
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- if the maximum value of the data set with the lower plume height lies above the minimum 322 
value of the data set with the higher plume height, then FOXI.py considers the data to be 323 
well constrained and the average of the two data sets is taken as the best estimate (see 324 
Fig. 6a). The range of variation is denoted by s and is defined as 325 
𝑠 = √
∆ℎ1
2 + ∆ℎ2
2
2
, 
(2) 
 
where the uncertainties Δh1 and Δh2 are the error margins of the data sets 1 and 2, 326 
respectively. 327 
- if the two data sets are acquired from C-band radar stations and maximum value of the 328 
data set with the lower plume height lies below the minimum value of the data set with 329 
the higher plume height we consider the data to be poorly constrained. The best estimate 330 
in this case coincides with the minimum value of the data set that contains the largest 331 
plume heights (see Fig. 6b), based on the methodology of retrieving the plume height 332 
from a radar scanning at discrete angles (Arason et al., 2011). The uncertainty is 333 
calculated using equation (2). The situation described above for poorly constrained data 334 
might simply be a consequence of the top of the plume height being hidden in a “blind 335 
zone”, i.e. in a region not covered by the radar.  336 
- if at least one of the data sets is not from a C-band radar sensor but the data sets are 337 
disjoint (i.e. non-intersecting), then the data is again considered to be poorly constrained 338 
(see Fig. 6c). However, in this case the best estimate is determined by calculating the 339 
weighted average using the quality factors qf (see section 2.4) as weight factors, 340 
ℎ𝑏𝑒𝑠𝑡 =
𝑞𝑓,1ℎ1 + 𝑞𝑓,2ℎ2
𝑞𝑓,1 + 𝑞𝑓,2
 (3) 
The uncertainty is calculated accordingly, by using the quality factors as weight 
factors. 
 
4) More than 2 data sets are available (N > 2). In this case FOXI.py distinguishes between two 341 
cases: 342 
- if the maximum value of the data set with the lowest height is above the overall 343 
plume height average and the minimum value of the data set with the highest 344 
plume height below the plume height average then the mean value of the plume 345 
height data is taken as the best plume height estimate. The range of uncertainty is 346 
calculated with eq. (2), extended to N data sets,  347 
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𝑠 = (
1
𝑁
∑ ∆ℎ𝑖
2𝑁
𝑖=1 )
1 2⁄
.     (4)348 
  349 
- otherwise the best estimate, denoted by hbest, is the weighted average of the data 350 
using the quality factors (eq. (3) extended to N data sets). The range of 351 
uncertainty Δhbest is given by: 352 
∆ℎ𝑏𝑒𝑠𝑡 = ℎ𝑏𝑒𝑠𝑡 − ℎ𝑤,𝑚𝑖𝑛 (5) 
where hw,min represents the quality-factor weighted average of the minimum 353 
plume heights in each data set, denoted by hmin,i for data set i, so that 354 
ℎ𝑤,𝑚𝑖𝑛 = ∑
𝑞𝑓,𝑖ℎ𝑚𝑖𝑛,𝑖
𝑞𝑓,𝑖
𝑁
𝑖=1
 (6) 
This procedure has been designed to guarantee the most reliable value of the plume height h based on 355 
the available data. As a result of the procedure applied by FOXI, h can significantly vary, based on the 356 
selected time base (see section 5.2 for strategies).  357 
   358 
3.2. Calculation of the Mass Eruption Rate 359 
3.2.1. Mass Eruption Rate from simplified models 360 
3.2.1.1 Models used by REFIR 361 
During eruptions, availability of data can vary from, for example, only manual observations of plume 362 
height to continuous data streams from a variety of sensors on both plume and atmospheric 363 
conditions. REFIR is constructed to be of near-real time operational use in all situations, including 364 
cases of limited data. Hence, as well as having the option of more sophisticated methods for MER 365 
estimate, it makes use of simplified empirical relationships and semi-empirical or theoretical 0D and 366 
1D models. Despite their simplifications, numerous studies have demonstrated that these models work 367 
reasonably well (Costa et al. 2016), suggesting that the underlying assumptions are useful for the 368 
volcanic plume case.  369 
Five 0D plume models are implemented in FOXI. Additionally, a 1D model may be added, using an 370 
external server.  The 0D models adopted are: 371 
  “Wilson Walker”: 0D theoretical model by Wilson and Walker (1987) in which the MER is 372 
estimated as 373 
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𝑀𝐸𝑅1 = (
ℎ
𝑐
)
4
 (7) 
where h is the plume height above the vent, and c is a dimensional fitting constant (with 374 
value 236 m(s/kg)1/4, calculated based on data fitting).  This model is originally developed to 375 
describe central, silica-rich, Plinian eruptions with an eruption column that is not influenced 376 
by a cross wind. 377 
 “Sparks”: 0D empirical model by Sparks et al. (1997) where the MER is estimated as 378 
𝑀𝐸𝑅2 = 𝜌 (
ℎ
𝑐
)
3.86
 (8) 
where ρ is the dense rock equivalent density of the erupted magma and c is a dimensional 379 
constant (with value 1670 m(s/m3)1/3.86). 380 
 “Mastin”: 0D empirical model by Mastin et al. (2009) where the MER is estimated as 381 
𝑀𝐸𝑅3 = 𝜌 (
ℎ
𝑐
)
4.15
 (9) 
where  is 2500 kg/m3 and c is a dimensional constant (with value 2000 m(s/m3)1/4.15, 382 
calculated based on data fitting) 383 
 “Gudmundsson”: 0D empirical model by Gudmundsson et al. (2012) where the MER is 384 
estimated as 385 
𝑀𝐸𝑅4 = 𝜌𝑎𝑘𝐼 (
ℎ𝑎𝑣𝑔 + ℎ𝑚𝑎𝑥
𝑐
)
4.15
 (10) 
Where havg and hmax are the average and maximum plume heights, respectively, c is the same 386 
constant as for “Mastin”, a is a dimensionless constant which is calibrated to be 0.0564. kI is a 387 
scaling factor which was found to be 2.15 for the first (phreatomagmatic) stage (14 – 16 388 
April) of the Eyjafjallajökull 2010 eruption. For the subsequent magmatic eruption phases kI 389 
dropped to 1.58 for 17 April and 1.59 for 18 April – 22 May (see Gudmundsson et al., 2012). 390 
In REFIR, kI can be assigned manually by the operator via the graphical user interface 391 
FIX.py. 392 
 “modified Degruyter Bonadonna”: an adapted approach using the 0D theoretical model by 393 
Degruyter and Bonadonna (2012), which is based on both Morton et al. (1954) and Hewett et 394 
al. (1971) in order to take into account the effect of various eruptive and atmospheric features 395 
including magma temperature, wind, advection and atmospheric stratification, where the 396 
MER is estimated as 397 
 13 
 
𝑀𝐸𝑅5 = 𝜋
𝜌𝑎0
𝑔′
(
25 2⁄ 𝛼2?̅?3
𝑧1
4 𝐻
4 +
𝛽2?̅?3?̅?
6
𝐻3), (11) 
where H is the maximum height of the centerline of the plume above the vent (see Fig. 7) , ?̅? 398 
is the average buoyancy frequency of the atmosphere (measured in 1/s), ?̅? the wind velocity 399 
averaged across the plume height (measured in m/s), a0 is a reference density for the 400 
surrounding atmosphere (measured in kg/m3), g’ is measured in m/s2 and defined as 𝑔 ∙401 
((𝑐0𝜃0 − 𝑐𝑎0𝜃𝑎0)/𝑐𝑎0𝜃𝑎0) with g being the gravitational acceleration, c0 and θ0 being the 402 
source specific heat capacity and temperature of the plume and ca0 and θ a0 being the heat 403 
capacity and temperature of the surrounding atmosphere; α and β are the dimensionless radial 404 
and wind entrainment coefficients, respectively, and z1 (=2.8) is the maximum non-405 
dimensional height determined by numerical integration of the non-dimensional governing 406 
equations described in Morton et al. (1956). For a detailed description on these parameters, 407 
the reader is referred to Degruyter and Bonadonna (2012).  408 
We note that this model gives the mass eruption rate as a function of the plume centerline 409 
height H instead of the plume top height h. Although cases have been reported where this 410 
difference is a minor factor (Bonadonna et al., 2015; Marzano et al., 2016), in theory this 411 
would mean that, if h as obtained with the procedure explained above is used in eq. (11) as an 412 
approximation of H, this approach might overestimate MER in case of bent-over plumes. In 413 
order to correct for this possible effect, FOXI.py first classifies the plume as vertically 414 
evolving or bent-over by computing the parameter Π (Degruyter and Bonadonna, 2012) 415 
defined as 416 
Π = 6
25 2⁄
𝑧1
4
?̅?ℎ
?̅?
(
𝛼
𝛽
)
2
. (12) 
According to theory, the two different end members of plume types are characterized by 417 
Π>>1 and Π<<1, respectively. However, to date, a single threshold value, required for 418 
discriminating between the two scenarios in operational use, has not been defined and is likely 419 
to be case-specific. By default, REFIR uses a threshold value of 5 to discriminate between the 420 
two plume types. We note, however, that this threshold is just a suggestion and probably has 421 
to be calibrated to the specific volcano. The threshold value of Π can be easily modified by 422 
changing the value for the parameter PI_THRESH in the settings section of the FOXI.py 423 
source code.  424 
Hence, if Π>5 then the plume motion is assumed to be predominantly vertical; otherwise the 425 
plume is treated to be bent over. In the former case, the difference of h and H is considered to 426 
be negligible and eq. (11) is computed with the best estimate of plume height h. In the latter 427 
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case, FOXI.py uses this model only if the half-width of the plume (radius) r is available, in 428 
which case H in eq. (11) can be approximated to be H = h - r. The plume half-width parameter 429 
can come either from observations (FIX.py allows the operator to manually enter values for 430 
the plume width 2r), or from simulations with a 1D plume model that the user can optionally 431 
activate (see PlumeRise below). If r is not available, the modified Degruyter Bonadonna 432 
approach is deactivated. Hence for making sure this 0D model is included, it is important for 433 
the operator to define a plume width 2r (see section 5.3 for strategies). It is noted here that we 434 
call this approach “modified Degruyter Bonadonna”, to avoid confusion with the original 435 
strategy used by the developers of the underlying model (e.g., Degruyter and Bonadonna 436 
2012, Bonadonna et al. 2015, Marzano et al. 2016).  437 
 “PlumeRise”: 1D integral model by Woodhouse et al. (2013), which takes into account the 438 
effect of wind. This model is not included in FOXI.py but can be optionally activated by the 439 
user and run on an external server where the PlumeRise model calculations are performed. 440 
The estimate provided by PlumeRise is denoted MER6. The PlumeRise calculations are 441 
conducted with recent meteorological data suitable for the ongoing eruption.  For the purpose 442 
of data inter-communication, FOXI.py generates a file, called “Foxi_hbe.txt”, and exports it 443 
to an online accessible server. In addition to a time stamp and information on the volcano of 444 
interest (including vent height), it mainly contains the range of plume heights estimated by 445 
FOXI. This data is then imported by a PlumeRise/FOXI interface located and operated by 446 
University of Bristol, using the plume height data to determine a best MER estimate 447 
computed by the numerical model PlumeRise for a wide range of source conditions 448 
(magmatic temperature, gas mass fraction, vent radius etc.). For details on the equations and 449 
the numerical method, the reader is referred to Woodhouse et al. (2013). The resulting MER 450 
values and predictions on the current plume diameter are then exported via a text file named 451 
“PlumeRise_out.txt” and imported into FOXI.  452 
In the current version of REFIR, the PlumeRise/FOXI interface can only be run in the 453 
“FutureVolc setup”, since it utilizes meteorological data collected routinely by radiosonde at 454 
Keflavik and streamed from IMO to the PlumeRise server twice daily, ensuring a suitable 455 
atmospheric sounding is available in the model.  Further refinement of the atmospheric data 456 
can be achieved by atmospheric soundings proximal to the volcano.  In principle 457 
meteorological data from locations outside Iceland could be used, e.g. from radiosonde 458 
soundings made at meteorological stations around the world.  However, in some regions these 459 
soundings may not always be available.  Further refinement of the PlumeRise interface to the 460 
REFIR system is currently in preparation to provide global access to the PlumeRise model.  461 
3.2.1.2 First step: computation of MER by REFIR-internal 0D models (RMER) 462 
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Based on the individual MER estimates resulting from the 0D models listed above, a set of values are 463 
obtained by using the complete range of variation of the assessed observed plume height (h, hmin and 464 
hmax). These parameters are used to calculate a statistically robust range of solutions for MER, here 465 
called RMER (REFIR-internal models MER). Table 3 lists all formulas computed by REFIR. In the 466 
following we present only the core equations, crucial for the understanding of the REFIR strategy. For 467 
details on individual procedural steps and calculations we refer the reader to the companion manual 468 
(supplement S2).  469 
REFIR follows the strategy of applying weighed averages at each data processing level (see section 470 
2.4). Hence as a first step, the weighted average of all MER values (MERwavg) is obtained by applying 471 
the average best estimate of the plume height h and using the model-specific weight factors wi. These 472 
allow the operator to give a specific weight to each model, hence letting some model outputs be more 473 
influential on the final MER estimate. MERwavg is calculated as: 474 
𝑀𝐸𝑅𝑤𝑎𝑣𝑔 =
∑ 𝑤𝑖𝑀𝐸𝑅𝑖
5
𝑖=1
∑ 𝑤𝑖
5
𝑖=1
. (13) 
Next to the lowest and highest extreme of all MER estimates (MERabs,min and MERabs,max), REFIR 475 
provides the RMER as well as a preliminary estimate for the lower and upper constraints: 476 
 MERlower: the minimum of the three values given by MERmaxhmin, MERmaxnowihmin and by the 477 
wind-affected model from modified Degruyter Bonadonna (if activated), using the plume 478 
height estimate h. Therein, MERmaxnowihmin and MERmaxnowihmin are statistically derived 479 
parameters based on criteria specified in Table 3.  480 
 MERupper: weighted average of all MER values obtained by applying the maximum plume 481 
height hmax: 482 
𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 =
∑ 𝑤𝑖𝑀𝐸𝑅𝑖(ℎ𝑚𝑎𝑥)
5
𝑖=1
∑ 𝑤𝑖
5
𝑖=1
 (14) 
  
 RMER: “best estimate” by FOXI using the activated REFIR-internal 0D models: 483 
𝑅𝑀𝐸𝑅 =
𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝑀𝐸𝑅𝑤𝑎𝑣𝑔 + 𝑀𝐸𝑅𝑙𝑜𝑤𝑒𝑟
3
. (15) 
3.2.1.3 Second step: Computation of conventional MER (CMER) 484 
If PlumeRise is activated, REFIR incorporates the maximum, average and minimum estimate of MER 485 
as obtained by this 1D model and re-calculates all the key values listed above accordingly. MERwavg 486 
and MERupper are updated to include the new values by means of two additional weight factors defined 487 
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by the operator, one related to the 0D (w1-5) and the other to the PlumeRise model (w6). We call the 488 
resulting values conventional MER (CMER): 489 
 CMERlower: the minimum of the four values given by MERmaxhmin, MERmaxnowihmin and by the 490 
two wind-affected models from modified Degruyter Bonadonna and PlumeRise, both using 491 
the plume height estimate h. 492 
 CMERwavg:  493 
𝐶𝑀𝐸𝑅𝑤𝑎𝑣𝑔 =
𝑤1−5𝑀𝐸𝑅𝑤𝑎𝑣𝑔 + 𝑤6𝑀𝐸𝑅6(ℎ)
𝑤1−5 + 𝑤6
. (16) 
 494 
 CMERupper:  495 
𝐶𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 =
𝑤1−5𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝑤6𝑀𝐸𝑅6(ℎ𝑚𝑎𝑥)
𝑤1−5 + 𝑤6
. (17) 
The final CMER value is then calculated as 496 
𝐶𝑀𝐸𝑅 =
𝐶𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝐶𝑀𝐸𝑅𝑤𝑎𝑣𝑔 + 𝐶𝑀𝐸𝑅𝑙𝑜𝑤𝑒𝑟
3
 (18) 
If PlumeRise is deactivated, CMERupper, CMER and CMERlower are simply set equal to RMERupper, 497 
RMER and RMERlower. 498 
3.2.2. Mass Eruption Rate from experimental sensors 499 
FOXI.py offers the possibility to include MER estimates by four independent alternative data sources 500 
(here referred to as experimental sensors): infrasound (Ripepe, 2013), electric field (Büttner et al., 501 
2000), pulse analysis (Dürig et al. 2015b) and radar scattering (Marzano, 2016). We note that these 502 
four methods are just suggestions. Each of them can be easily replaced by any other external 503 
measurement routine that provides MER and uncertainties in near real-time, regardless if it is based 504 
on near-field or remote sensing (e.g., from satellites). The influence of the individual experimental 505 
sources on the MER estimate can be regulated by operator-defined weight factors fi, similarly to the 506 
weighting of plume models. FOXI.py first computes the average MER value for each sensor 507 
MERexpavg,i and finally calculates the best estimate of MER, MERexp,wavg by a weighted averaging of all 508 
the MERexpavg,i,  509 
𝑀𝐸𝑅𝑒𝑥𝑝,𝑤𝑎𝑣𝑔 =
∑ 𝑓𝑖𝑀𝐸𝑅𝑒𝑥𝑝𝑎𝑣𝑔,𝑖
4
𝑖=1
∑ 𝑓𝑖
4
𝑖=1
. (19) 
The same equation is applied to the minimum and maximum values from the experimental sensors in 510 
order to obtain the maximum and the minimum estimate of MERexp: MERexp,wmax, MERexp,wmin.  511 
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Equations for conversion of signal to MER are not given here and these data sources are not 512 
considered further. 513 
 514 
3.2.3. Importing manually added Mass Eruption Rate estimates 515 
If available, the operator can add Nman data sets of MER estimates (minimum MERmin,i and maximum 516 
MERmax,i) manually, together with weight factors ai. FOXI.py first computes the average MER manual 517 
MERmanavg,i and finally calculates the best estimate of the manually added MER, MERman,wavg, as a 518 
weighted average of all the MERmanavg,i, 519 
𝑀𝐸𝑅𝑚𝑎𝑛,𝑤𝑎𝑣𝑔 =
∑ 𝑎𝑖𝑀𝐸𝑅𝑚𝑎𝑛𝑎𝑣𝑔,𝑖
𝑁𝑚𝑎𝑛
𝑖=1
∑ 𝑎𝑖
𝑁𝑚𝑎𝑛
𝑖=1
. (20) 
The same equation is applied to the minimum and maximum values from the manually added 520 
estimates in order to obtain the maximum and the minimum estimate of MERman: MERman,wmax, 521 
MERman,wmin. In addition, the average weight factor aman for the manually added MER is calculated. 522 
  523 
3.2.4. Calculation of the Final best Mass Eruption Rate estimate (FMER) 524 
In this final step, FOXI.py computes the conclusive “Final best MER estimate” (FMER) by merging 525 
the conventional (CMER), and, if applicable, experimental sensor derived and manually added MER 526 
estimates. In addition, at this stage the operator can specify weight factors for the first two 527 
components (aconv, aexp); for the manually added MER, the weight factor aman is computed by FOXI.py 528 
as explained above. FOXI.py defines ranges of variations together with the best estimate. The 529 
resulting five key values represent the main output of REFIR and are defined as follows: 530 
 FMERabs,min: is the lowest possible value of MER calculated as the minimum of MERabs,min, 531 
MERexp,min and MERman,min. 532 
 FMERabs,max: is the highest possible value of MER calculated as the maximum of MERabs,max, 533 
MERexp,max and MERman,max. 534 
 FMERmin: the lower boundary of the range of best MER estimates (FMER) calculated as 535 
𝐹𝑀𝐸𝑅𝑚𝑖𝑛 =
𝑎𝑐𝑜𝑛𝑣𝐶𝑀𝐸𝑅𝑙𝑜𝑤𝑒𝑟 + 𝑎𝑒𝑥𝑝𝑀𝐸𝑅𝑒𝑥𝑝,𝑤𝑚𝑖𝑛 + 𝑎𝑚𝑎𝑛𝑀𝐸𝑅𝑚𝑎𝑛,𝑤𝑚𝑖𝑛
𝑎𝑐𝑜𝑛𝑣 + 𝑎𝑒𝑥𝑝 + 𝑎𝑚𝑎𝑛
. (21) 
 536 
 FMERmax: the upper boundary of the range of best MER estimates (FMER) calculated as 537 
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𝐹𝑀𝐸𝑅𝑚𝑎𝑥
=
𝑎𝑐𝑜𝑛𝑣𝐶𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝑎𝑒𝑥𝑝𝑀𝐸𝑅𝑒𝑥𝑝,𝑤𝑚𝑎𝑥 + 𝑎𝑚𝑎𝑛𝑀𝐸𝑅𝑚𝑎𝑛,𝑤𝑚𝑎𝑥
𝑎𝑐𝑜𝑛𝑣 + 𝑎𝑒𝑥𝑝 + 𝑎𝑚𝑎𝑛
. 
(22) 
 FMER: the average best MER estimate calculated as 538 
𝐹𝑀𝐸𝑅 =
𝑎𝑐𝑜𝑛𝑣𝐶𝑀𝐸𝑅 + 𝑎𝑒𝑥𝑝𝑀𝐸𝑅𝑒𝑥𝑝,𝑤𝑎𝑣𝑔 + 𝑎𝑚𝑎𝑛𝑀𝐸𝑅𝑚𝑎𝑛,𝑤𝑎𝑣𝑔
𝑎𝑐𝑜𝑛𝑣 + 𝑎𝑒𝑥𝑝 + 𝑎𝑚𝑎𝑛
 (23) 
 539 
3.3. Calculation of the Total Erupted Mass 540 
FOXI.py calculates the total erupted mass, denoted by M, based on the CMER and FMER best 541 
estimates and the minimum and maximum values by integrating over the total time since the start of 542 
the eruption, denoted by te, 543 
𝑀 = ∫ 𝑀𝐸𝑅(𝑡)𝑑𝑡
𝑡𝑒
0
 (24) 
In particular, FOXI.py performs this integration for any estimate of MER obtained with the different 544 
models and/or data source. The whole set of mass estimates provided by FOXI.py is summarized in 545 
Table 3. 546 
4. Test scenarios – Examples for REFIR results 547 
In order to demonstrate the functionality of REFIR and its capability to handle multiple sensors, 548 
different types of data streams and data gaps, we performed simulations of eruptive scenarios based 549 
on plume height records measured by the C-band radar station at Keflavík (ISKEF), which was the 550 
only applicable source of plume height information for the periods in question. 551 
For this purpose we have simulated data for several sensors based on this single real data stream.  552 
Three scenarios are based on observations made during specific periods of the eruptions of Hekla in 553 
2000 and Eyjafjallajökull in 2010. Table 4 summarizes the input parameters used for the three 554 
scenarios. The periods simulated are: 555 
- 26/27 February 2000, when Hekla volcano entered a short-lived explosive phase, forming a 556 
sub-Plinian eruptive column. (Lacasse et al., 2004; Höskuldsson et al., 2004; Soosalu et al., 557 
2005).  558 
- 6 May 2010 during the Eyjafjallajökull eruption (Arason et al., 2011; Dellino et al., 2012; 559 
Gudmundsson et al., 2012; Björnsson et al., 2013). The explosive phase of this eruption 560 
started on 14 April and lasted for 39 days. It had a first phreatomagmatic phase of four days 561 
followed by a phase of weaker activity.  The eruption entered a third, explosive, mostly 562 
magmatic phase on 5 May. The situation on 6 May selected for simulation represents a part of 563 
a long-lived explosive magmatic eruption forming a wind-affected sustained eruption column.  564 
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All runs were performed in real time by simulating plume height data streams of the active sensors 565 
(see Table 4) with a time interval of 5 minutes. For each of these simulations, all five REFIR-internal 566 
0D models were used and equally weighted (using the default setting as shown in Figure 3a). The 567 
atmospheric parameters were selected according to radiosonde measurements in Keflavik on the 568 
respective days (data archive:  http://weather.uwyo.edu/upperair/sounding.html). All output files 569 
generated by REFIR can be found in supplement S3. 570 
The simulations performed may not reflect the local conditions in every detail. They serve the purpose 571 
to demonstrate the potential of REFIR as a real-time monitoring system. Although based on the real 572 
events, most of the plume height data used were simulated (not measured) since most of the presented 573 
data sources have not been installed by that time, and the only available C-band radar data is 574 
fragmentary. The simulated sensors were presumed to be optimally located. In addition, some of the 575 
assumptions might deviate from the actual historic situation. 576 
 577 
4.1 Simulated scenario I: Hekla 2000 (26/27 February 2000) 578 
Plume height data was simulated based on the first 10 hours of the radar recordings from ISKEF 579 
described in Lacasse et al. (2004), beginning with the onset of the explosive eruption at 18:17 UTC on 580 
February 26. On the basis of these recordings, fictional data-streams for additional five sensors (ISX1, 581 
ISX2, CAM1, CAM2, CAM3 see also Table 4) were generated by adding noise in form of normally 582 
distributed random numbers to the values from ISKEF (using a standard deviation of 0.5 km and a 583 
mean value of 0). The simulated visibility is completely fictitious and does not reflect the (in fact very 584 
poor) visibility situation in the night of 26/27 February 2000. Note that we also simulate data streams 585 
provided by the auto-tracking web cameras when in reality visual-light cameras would be ineffective 586 
at night. The series from all sensors for which data were simulated can be found in supplement S3, 587 
under “scenario_I”. 588 
Figure 8 presents a sequence of screenshots of REFIR outputs at runtime; in particular, the plume 589 
height (measured above the vent) recordings from different sensors are displayed as a function of 590 
time.  In this simulation, all data sources contribute except for ISEGS, which was deactivated. In this 591 
scenario, the top of the plume quickly reached a level of 11 km above the vent (which was in this 592 
simulation assumed to be situated 1491m above sea level) and subsequently declined slowly. For this 593 
test run, a time base of 15 minutes was selected, in order to monitor the plume evolution with the 594 
highest possible temporal resolution. In Figure 9a a “plume height sector plot” is presented, for which 595 
data is segregated based on the location of the data sources. This type of plot allows the system 596 
operator to identify and analyze possible East/West wind-distortion of the ash column monitored, 597 
which reflects the predominant wind directions in Iceland. In the case shown, the plume heights 598 
measured by sensors located in the west of Hekla are very similar to those measured in the eastern 599 
sector, implying that in this scenario no wind-distortion was simulated. 600 
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Figure 9b shows an “N-plot”, illustrating the temporal evolution of the number of plume height data 601 
points that were considered by FOXI.py for computing the best estimate and the mass eruption rate. 602 
This plot can serve as indicator of how reliable the estimate of REFIR has been at a given time. As a 603 
rule of thumb, it can be assumed that the lower the number of data available, the lower the expected 604 
accuracy of plume height and MER estimate. In the scenario, the number of data considered by 605 
FOXI.py clearly decreased for a short time at approximately 360 minutes after the beginning of the 606 
simulation. However, the 13 measurement points in this period of reduced data can still be considered 607 
to be comprehensive and therefore a reliable statistical basis in view of experiences made in real 608 
eruptions (Arason et al., 2011; Oddsson et al., 2012; Gudmundsson et al., 2015), and justifies the use 609 
of the shortest time base possible within REFIR (15 minutes). The plot presented in Figure 9c displays 610 
the best estimate of plume height above sea level, computed by FOXI.py on the basis of the individual 611 
plume height data sets. The curve represents the result of processing level 1 (see section 3.1 and Fig. 612 
5). This estimate is then converted into plume height above vent h, which is used as an input 613 
parameter for the plume models.  The results for MER and CMER from the plume models are 614 
displayed in Figure 10a. Since no additional MER data by external systems was provided, the 615 
conclusive best estimate for mass eruption rate (FMER) is identical to the CMER, as shown in Figure 616 
10b. 617 
The total mass erupted based on the FMER estimations is displayed in Figure 10c. Hence, after 10 618 
hours, the total erupted mass has been estimated to be between 3.41010 kg and 5.81010 kg. This is 3-619 
6 times higher than the estimated tephra deposit (Haraldsson, 2001), but as this eruption was also 620 
producing lava, some energy from, e.g., vigorous fire fountains may have contributed to the buoyant 621 
rise of the plume, thus leading to an overestimate of the MER by the applied models. 622 
Feeding FOXI.py exclusively with the data that was actually measured (provided by the C-band radar 623 
station ISKEF as a single source), results in larger uncertainties of CMER and FMER (see Fig. 11b). 624 
This is reflected in the final estimate for the overall erupted mass, which is found to be between 625 
3.31010 kg and 6.31010 kg (see Fig. 11c). Thus, in comparison to the multi-sensor simulation, the 626 
range of uncertainty increased by 0.61010 kg. In other words, using additional data from various 627 
sources would in this case decrease the uncertainty by 25%. This example demonstrates that, provided 628 
the data delivered is consistent, increasing the number of independent data sources by adding sensors 629 
is an important element for increasing the accuracy of the estimates and narrowing the uncertainty.  630 
 631 
4.2 Simulated scenario II: 24 hours during the Eyjafjallajökull 2010 eruption (6 May 2010) 632 
In this simulation, 24 hours of C-band radar data, including some data gaps were used, originally 633 
recorded by ISKEF on 6 May 2010 (Arason et al., 2011). Based on these data, fictitious plume height 634 
data streams from two X-band radars (ISX1 and ISX2, stationed at Gunnarsholt and Klaustur, South 635 
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Iceland, located 83 km to the East and 38 km to the West of the vent of Eyjafjallajökull, respectively) 636 
were generated by adding normally distributed noise with a standard deviation of 0.3 km.  637 
The real and fictitious streamed data from all three sensors, ISKEF, ISX1 and ISX2 can be found in 638 
supplement S3, under “scenario_II” and the plots produced by FOXI.py for this simulation are 639 
presented in Figure 12-14. 640 
In this scenario, the plume top remained at a similar level throughout the whole period, with an 641 
exception at around 960 min after the start of simulation, when it reaches a maximum height of 642 
approx. 5.0 km above the vent (see Fig. 12a). No wind distortion in East-West direction was 643 
simulated (Fig. 12b), and the number of data streamed was constantly on a relatively high level of at 644 
least 8 data points per run, i.e. each time REFIR computed the MER with a reiteration rate of 5 min. 645 
In a real scenario such an abundance of data points, together with the fact that the plume heights did 646 
not significantly differ by sources (Fig. 12b), would provide confidence that the plume height and 647 
MER estimations by REFIR are based on consistent data from reliable data streams. We note that in 648 
this scenario we assumed the differences between the signal of ISKEF and those of ISX1, ISX2 to be 649 
relatively small, in order to have enough data for demonstration. Since the X-band sensors are mobile 650 
and have a higher vertical resolution than the C-band radar, the deviations of the first from the latter 651 
might be significantly larger in real events. This would become apparent in the source-specific plume 652 
height plots (such as Fig. 12). In such a case, with ISKEF being significant higher or lower than ISX1 653 
and ISX2, it would be advisable to rely only on the sensors with higher resolution and switch off the 654 
C-Band radar channel.  655 
The plume height values above sea level used (after been converted to heights above vent h) as input 656 
for the REFIR internal models are displayed in Figure 13b. It is not surprising that the resulting MER 657 
predictions for the individual models show a peak coinciding with the moment when the plume 658 
heights reach their peak (see Fig. 14a).  659 
At this point the final best value for MER was estimated by FOXI.py to have ranged between 0.9105 660 
kg/s (FMERmin) and 2.9105 kg/s (FMERmax) (Fig. 14b) and the curve for the overall mass erupted as a 661 
function of time shows a clear kink (Fig. 13c). According to the REFIR results, the total mass erupted 662 
on 6 May 2010 was between 1.7109 kg and 8.0109 kg. 663 
Again, these results are based on a fictitious scenario, in which X-band radar stations provided radar 664 
data. When using exclusively the actually recorded data by the radar station ISKEF, REFIR provides 665 
FMER values ranging between 3.5104 kg/s and 1.7105 kg/s. 666 
These estimates are in good agreement with estimates based on real-time deposit sampling, suggesting 667 
the MER ranged between 6.2 ×104 and 1.0 ± 0.2 × 105 kg/s on this day (Bonadonna et al., 2011). 668 
 669 
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 670 
4.3 Simulated scenario III: simulation of a data set with a 40 minutes data gap, based on 671 
Eyjafjallajökull 2010 eruption (6 May 2010) 672 
In this scenario we demonstrate the effect of gaps in data and the selection of the time base on the 673 
computation of MER in REFIR. For this purpose, the data set used in scenario II was cropped, 674 
resulting in a data subset of 3h duration, based on the plume heights recorded on 6 May, 12:00 – 675 
15:00UTC. Subsequently, within this data set, all plume height records between 13:01 and 13:41 were 676 
blanked out, simulating a complete lack of plume height information in this period (61—101 minutes 677 
after onset, see also Table 4). Scenario III was simulated with three different time base settings: 15 678 
min (IIIa), 30 min (IIIb) and 60min (IIIc). 679 
The results are presented in Figure 15 and in Table 5. In scenario IIIa and IIIb, the data gap is clearly 680 
reflected in the N-plots. Table 6 demonstrates for scenario IIIa how the 40 min long gap of incoming 681 
data affects N for each run of REFIR. According to the time base setting of this scenario, the stop in 682 
the streaming of incoming data will cause REFIR running out of information after a temporal delay of 683 
15 min (see also Fig 15a). As described above, FOXI.py then skips the computation of MER for the 684 
respective runs and pauses. At the moment new data are available, FOXI.py computes the newest 685 
plume height, MER and erupted mass values and linearly interpolates the missing values in between, 686 
using the last estimate computed before the gap as starting point. In scenario IIIc, however, the 687 
selected time base is large enough to ensure FOXI.py updates the estimates quasi continuously (with 688 
five minute steps) without pausing.  689 
As reflected in Figure 16 and Table 5, the interpolated estimates of the three scenarios tested (IIIa–c) 690 
show a relatively low deviation, compared to the range of computed uncertainty. However, in this test 691 
case the plume heights did not change considerably within the time gap simulated. It can be expected 692 
that the deviations increase significantly when facing a larger data gap in combination with distinct 693 
changes in plume heights. It is important to adjust the time base according to the update frequency of 694 
the plume height data but also to the transient characteristics of the ash column itself. For example, 695 
during a slowly changing long-lived eruption, the 3 hour window may work well, but for shorter and 696 
fast changing events the results may be inaccurate.  697 
Therefore, it is recommended to monitor the N-plots while running REFIR and finding the optimal 698 
time base. It should be large enough to avoid a data gaps and small enough to resolve any changes in 699 
plume heights on a short time scale. 700 
 701 
5. Recommended strategies for using REFIR to obtain optimal estimates on plume heights and 702 
MER 703 
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 704 
5.1 Selecting settings for optimal plume height estimates 705 
One of the two eruption source parameters provided by REFIR is the constrained plume height.  706 
During eruptions, the plume height sensors overview and control panel should be continuously 707 
monitored (see Fig. 3b) as well as the source- and sector-specific plume height plots (see Fig. 8 and 708 
Fig. 9a). The overview and control panel reveals if new data streams are available online. The plume 709 
height plots assist the user to identify outliers, which might indicate that the recording sensor is 710 
providing plume height data of lower quality.  711 
As a general guidance, it is recommended to switch the data channel of low-quality plume height 712 
sensors off, since including them will not improve the final estimate of plume height, as long as data 713 
of higher quality are available. 714 
However, in case of volcanic plumes characterized by rapidly-changing height and few measurements 715 
of high-quality available, it could still be useful to include low quality data, since the error made by 716 
using a poor quality data set with large uncertainty might still be smaller than the one resulting from 717 
the interpolation of few accurate measurements over a large time interval.  718 
In order to support the decision-making, REFIR offers the option to activate an “analysis mode”, 719 
which provides additional plots showing  - separated by data channel- both the age of the latest 720 
received data (Fig. 17a) and the total number of data received since REFIR was started (Fig. 17b).  721 
For example, Figure 17a would indicate that the current plume height is estimated on the basis of six 722 
automatic data-streams, from which five provided data within the last 15 minutes. Plume height data 723 
from sensor CAM2, however, are between 30 and 15 minutes old. Hence, if a time base of 15 minutes 724 
has been selected. REFIR would not consider data coming from this source. The longest bars in 725 
Figure 17b suggest that most data has originated from the sensors CAM1 and ISX1, closely followed 726 
by ISKEF. Since within a selected time base each plume height datum is weighed equally, this plot 727 
could indicate, that data from these three sensors have the biggest impact on estimates provided by 728 
REFIR and are hence of particular importance.  729 
 730 
5.2 Defining the optimal time base 731 
The choice of the best time base is a compromise between the need to get an accurate evaluation of h 732 
and to consider the most up-to-date plume height observations. For an eruption lasting longer than the 733 
longest time base allowed by REFIR (i.e., three hours), the choice of a long time base would allow 734 
more plume height data to be processed, hence significantly reducing the uncertainty. However, if that 735 
long-lasting eruption is characterized by a plume with a continuously changing maximum height, the 736 
best estimate of plume height would be affected by outdated older data. In such a case, a shorter time 737 
base is recommended, provided it guarantees a reasonable number of data points. The choice of the 738 
time base is therefore driven by the user’s expertise, knowledge of the volcano under observation and 739 
the type and evolution of the ongoing eruption.  As a rule of thumb, a long time base may be the best 740 
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choice for a sustained stable eruptive plume, while a short time base is better for a temporally varying 741 
weak plume. 742 
 743 
5.3 Selecting suitable model weight factors to optimize results 744 
The MER estimation depends significantly on the way the models are weighted, using the model-745 
specific weight factors wi, (e.g., see eq. (13)), w1-5 and w6 (e.g., see eq. (16)). 746 
The user’s decision should be based on four factors: the location of the eruption site, the availability 747 
of reliable information, the magnitude of eruption and the meteorological situation. Table 7 provides 748 
an example for how these settings could be assigned. 749 
If an eruption of one of the nine volcanoes listed within the default “FutureVolc setup” is monitored 750 
(see Fig. 1), high weight may be put on the external 1D PlumeRise model - provided that the 751 
information on crucial parameters (e.g., on wind speed and magmatic temperature) are considered to 752 
be reliable. For eruptions at locations other than the pre-defined volcanos within the default 753 
“FutureVolc setup” (e.g., Snæfellsjökull), the current version of REFIR does not allow application of 754 
PlumeRise (w6 = 0).  755 
As demonstrated in Table 7, depending on the availability and reliability of information on magmatic 756 
and atmospheric parameters, the user can decide whether to assign more weight to the simple 0D 757 
models (w1 , w2 , w3), or to the more complex wind-affected 0D model (w5).  758 
A strategy might be to start with high weight on the simple models at the beginning of the eruption, 759 
until more information (e.g. on the magmatic composition and hence on the magmatic temperature) 760 
becomes available. The Gudmundsson model (w4) can be useful if independent information on the 761 
MER (e.g. by real-time deposit measurements, Bonadonna et al. 2016) has been assessed and a value 762 
for the scaling parameter kI can be estimated (see eq. (10)). This model might provide good estimates 763 
for wind-affected medium magnitude eruptions comparable to the phases of Eyjafjallajökull 2010, 764 
hence we suggest to increase w4 for bent-over plumes of eruptions with weak or medium magnitude 765 
(see Table 7).  766 
In a situation when meteorological conditions or direct observations of the plume suggest that wind 767 
effects are significant (lower half of Table 7), the weighting given to the wind-blown model (w5) can 768 
be increased. However, also the empirical models are calibrated on a dataset that includes eruption 769 
columns rising in a windy atmosphere (see Woodhouse et al. 2013; Aubry et al. 2017), so these 770 
relationships remain informative in this situation and we expect that the corresponding model weights 771 
(w2, w3) would be non-zero, but it may be appropriate to give very little or no weighting to the 772 
theoretical Wilson Walker model (w1) derived for a plume rising in a quiescent atmosphere. 773 
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    774 
 775 
5.4 Settings for best synergy effects with external systems 776 
Before external data - either from the experimental sensors introduced in section 3.2.2 or obtained 777 
from other sources (e.g., from satellites) -, can be effectively used in combination with REFIR, it is 778 
crucial to know which weight factors fi, in eq. (19) and ai, in eq. (20), as well as which ratio for aconv : 779 
aexp: aman have to be selected for best accuracy. 780 
As a tuning strategy we recommend to use data sets on eruptions already monitored with these 781 
systems for inter-comparison studies by re-running these scenarios repeatedly to find out the optimal 782 
REFIR settings as well as the conditions under which the new components can be trusted (and hence 783 
weighed) most. 784 
By using REFIR both for simulating past scenarios with known eruption source parameters and for 785 
monitoring ongoing eruptions, possibly in contexts other than Iceland, it is expected that a wider 786 
knowledge on the best configuration parameters (namely, weight factors) will be acquired. This would 787 
let REFIR be more “autonomous” and less dependent on the particular scenario, which is a 788 
fundamental step towards the development of an operational tool that can be used globally. 789 
 790 
6. Conclusions and Outlook 791 
In this article we have presented REFIR, a new tool for estimating the Mass Eruption Rate (MER) of 792 
explosive volcanic eruptions in near real-time. Following a structured approach to combine disparate 793 
data streams of plume observation and accounting for the different level of accuracy of the individual 794 
measurements, the system provides a constrained estimate of the current plume height and its range of 795 
accuracy. These data are further processed by combining methods for estimating the MER using a 796 
suite of plume models. In addition, REFIR offers the possibility to consolidate data from emerging 797 
technologies and research tools. The results are then statistically combined, and a near real-time “best 798 
estimate of MER” (“FMER”) is obtained together with the related level of uncertainty. Since this 799 
parameter can be used as an input for ash dispersion modelling applications, the application of REFIR 800 
at volcano observatories can contribute to early warning and an enhanced prediction of ash 801 
concentrations in the atmosphere.  802 
The presented version of REFIR is ready for operational use. It provides, however, space for future 803 
upgrades, which, among all possible improvements and future refinement, could consist of:   804 
 the option to retrieve relevant atmospheric data via automated data streams. This is already 805 
implemented in the PlumeRise/FOXI interface for data streamed from IMO radiosonde 806 
soundings, but can be enhanced by implementing it in a future version of FOXI.py itself. 807 
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 the possibility to explore complementary approaches to automatically discriminate between 808 
vertical and bent-over plumes, for example by computing dimensionless wind speeds and 809 
referring to historic eruptions (Mastin et al., 2014). 810 
 the option to include and process remote sensing (e.g. satellite) data and/or plume height 811 
estimates retrieved from them, such as systems developed for volcanic cloud dispersion 812 
modelling during volcanic crises. 813 
 the implementation of additional models into FOXI.py, in order to complement the current 0D 814 
models for enhanced CMER estimates. This addition can comprise both 0D models, such as 815 
the relationship presented in Woodhouse et. al (2013), and 1D models. That would allow, for 816 
example, to run PlumeRise directly within FOXI.py, avoiding the external route, which is 817 
FutureVolc-specific and hence currently not directly applicable to other volcanic settings. 818 
Furthermore, the implementation of an additional time-dependent 1D models (such as e.g., 819 
Woodhouse 2016) is planned in order to increase the capability of REFIR to monitor also 820 
unsteady, “pulsed” eruptions, as it was observed in Eyjafjallajökull 2010 (Dürig et al., 821 
2015b).   822 
 the option to develop a decision tree that will provide guidance to the operator on 823 
recommended weight factors for different styles of eruptions and atmospheric conditions. 824 
This is of special interest as more experience is gained in recurring eruptions, both regarding 825 
simulations and field observations.  In the long term, such a decision tree might form the basis 826 
for a fully autonomous version of REFIR, which automatically adjusts the weight factors to 827 
provide estimates with optimal precision. 828 
 829 
 830 
  831 
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Tables 832 
Table 1:  833 
Error margins and quality factors assigned to plume height data. For each datum, REFIR assigns an 834 
uncertainty, depending on data source, stream type and option the operator choses.   835 
source 
stream 
type 
plume height uncertainty  
assigned to datum 
range of 
quality 
factor qf default optional 
auto-tracking webcam auto 
automatically 
provided by webcam 
-- 0 - 4 
radar sensor 
(C- or X-band) 
auto 
computed by 
REFIR, using eq. (1) 
--  0 - 3 
manual 
computed by 
REFIR, using eq. (1) 
entered by operator 0 - 3 
air observation manual 1000 m entered by operator 0 - 3 
ground observation manual 1500 m entered by operator 0 - 3 
other manual 1500 m entered by operator 0 - 3 
 836 
 837 
  838 
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Table 2:  839 
Quality factors for data sensor. For radars the factor is dependent on the distance from the vent while 840 
for auto-tracking webcams they are dictated by visibility conditions. (Text color analogue to the color 841 
scheme used within FIX, see also Fig. 3b). Note that this classification is specific for the Icelandic 842 
“FutureVolc” setting, but can easily be adjusted within the source code. 843 
radar type 
distance 
(km) 
displayed text 
quality 
factor 
C-band 
<120 WITHIN OPTIMAL RANGE 3 
<200 WITHIN FAIR RANGE 2 
<255 WITHIN LIMITED RANGE 1 
>255 OUT OF RANGE 0 
X-band 
<60 WITHIN OPTIMAL RANGE 3 
<120 WITHIN FAIR RANGE 2 
<180 WITHIN LIMITED RANGE 1 
>180 OUT OF RANGE 0 
Auto-
tracking 
webcams 
 
CLEAR VIEW 4 
FAIR VISIBILITY 3 
RESTRICTED VISIBILITY 2 
VERY LOW VISIBILITY 1 
OUT OF RANGE 0 
OFFLINE  
  844 
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Table 3: 845 
Formulas used to compute the interim and final results for MER. MERi stands for the MER prediction 846 
using the following model: i = 1: Wilson Walker, i = 2: Sparks, i = 3: Mastin, i = 4: Gudmundsson, 847 
i = 5: modified Degruyter Bonadonna, i = 6: PlumeRise. For a detailed description, see also the 848 
companion manual (supplement S2). wi: model-specific weight factors; fi: weight factors specific for 849 
experimental sensor. MERexpmin,i, MERexpavg,i, MERexpmax,i: minimum, average and maximum MER 850 
prediction of experimental sensor i. ai: weight factor for i-th manually added MER value. MERmanmin,i, 851 
MERmanavg,i, MERmanmax,i: i-th manually added minimum, average and maximum MER value. Nman: 852 
number of manually added data sets. The weight for the conventional model output in relation to that 853 
for experimental sensors and manually added information is given by the operator-defined factors 854 
aconv, aexp and aman , respectively. 855 
The last column lists the total erupted mass calculated based on the corresponding MER figures. 856 
Parameters in bold text are also presented in REFIR plots. Empty cell indicates that these values are 857 
not computed within REFIR.   858 
MER  
(kg/s) 
formula 
eq. 
no. 
explicitly 
used for 
calculating  
Notation 
in source 
code 
Total 
erupted 
mass (kg) 
MERabs,min 𝑀𝑖𝑛(𝑀𝐸𝑅1(ℎ𝑚𝑖𝑛); 𝑀𝐸𝑅2(ℎ𝑚𝑖𝑛); 𝑀𝐸𝑅3(ℎ𝑚𝑖𝑛); 𝑀𝐸𝑅4(ℎ𝑚𝑖𝑛))  FMERabs,min Qabs.min Mc_abs,min 
MERabs,max 𝑀𝑎𝑥(𝑀𝐸𝑅1(ℎ𝑚𝑎𝑥); 𝑀𝐸𝑅2(ℎ𝑚𝑎𝑥); 𝑀𝐸𝑅3(ℎ𝑚𝑎𝑥); 𝑀𝐸𝑅4(ℎ𝑚𝑎𝑥))  FMERabs,max Qabs.max Mc_abs,max 
MERmaxhmin Max (MER1(hmin); MER2(hmin); MER3(hmin)) 
 MERlower; 
CMERlower 
Qmaxhmin Mc_maxhmin 
MERmaxnowihmin 𝑀𝑖𝑛 (
𝑀𝑎𝑥(𝑀𝐸𝑅1(ℎ𝑚𝑖𝑛); 𝑀𝐸𝑅2(ℎ𝑚𝑖𝑛); 𝑀𝐸𝑅3(ℎ𝑚𝑖𝑛));
𝑀𝑖𝑛(𝑀𝐸𝑅1(ℎ𝑚𝑎𝑥); 𝑀𝐸𝑅2(ℎ𝑚𝑎𝑥); 𝑀𝐸𝑅3(ℎ𝑚𝑎𝑥))
) 
 MERlower; 
CMERlower 
Qmaxnowihmin  
MERwavg 
∑ 𝑤𝑖𝑀𝐸𝑅𝑖
5
𝑖=1
∑ 𝑤𝑖
5
𝑖=1
 (14) RMER Qwavg  
MERlower 𝑀𝑖𝑛(𝑀𝐸𝑅𝑚𝑎𝑥ℎ𝑚𝑖𝑛; 𝑀𝐸𝑅𝑚𝑎𝑥𝑛𝑜𝑤𝑖ℎ𝑚𝑖𝑛; 𝑀𝐸𝑅5(ℎ))  RMER Qlower  
MERupper 
∑ 𝑤𝑖𝑀𝐸𝑅𝑖(ℎ𝑚𝑎𝑥)
5
𝑖=1
∑ 𝑤𝑖
5
𝑖=1
 
 
RMER Qupper  
RMER 𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝑀𝐸𝑅𝑤𝑎𝑣𝑔 + 𝑀𝐸𝑅𝑙𝑜𝑤𝑒𝑟
3
 (15) CMER (*) QRMER  
CMERlower 𝑀𝑖𝑛(𝑀𝐸𝑅𝑚𝑎𝑥ℎ𝑚𝑖𝑛; 𝑀𝐸𝑅𝑚𝑎𝑥𝑛𝑜𝑤𝑖ℎ𝑚𝑖𝑛; 𝑀𝐸𝑅5(ℎ);  𝑀𝐸𝑅6(ℎ))  
CMER, 
FMERmin 
Qconv_lower MCMER_min 
CMERwavg 
𝑤1𝑀𝐸𝑅𝑤𝑎𝑣𝑔 + 𝑤2𝑀𝐸𝑅6(ℎ)
𝑤1 + 𝑤2
 
with w1,2 being the CMER weight factors 
(16) 
CMER, 
FMER 
Qconv_wavg MCMER_wavg 
CMERupper 
𝑤1𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝑤2𝑀𝐸𝑅6(ℎ𝑚𝑎𝑥)
𝑤1 + 𝑤2
 
with w1,2 being the CMER weight factors 
(17) 
CMER, 
FMERmax 
Qconv_upper MCMER_max 
CMER 𝐶𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝐶𝑀𝐸𝑅𝑤𝑎𝑣𝑔 + 𝐶𝑀𝐸𝑅𝑙𝑜𝑤𝑒𝑟
3
 
(18) FMER QCMER MCMER 
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MERexp,wmin 
∑ 𝑓𝑖𝑀𝐸𝑅𝑒𝑥𝑝𝑚𝑖𝑛,𝑖
4
𝑖=1
∑ 𝑓𝑖
4
𝑖=1
 
 
FMERmin, 
FMERabs,min 
Qexp_min  
MERexp,wavg 
∑ 𝑓𝑖𝑀𝐸𝑅𝑒𝑥𝑝𝑎𝑣𝑔,𝑖
4
𝑖=1
∑ 𝑓𝑖
4
𝑖=1
 
(19) FMER Qexp_wavg  
MERexp,wmax 
∑ 𝑓𝑖𝑀𝐸𝑅𝑒𝑥𝑝𝑚𝑎𝑥,𝑖
4
𝑖=1
∑ 𝑓𝑖
4
𝑖=1
 
 
FMERmax, 
FMERabs,max 
Qexp_max  
MERman,wmin 
∑ 𝑎𝑖𝑀𝐸𝑅𝑚𝑎𝑛𝑚𝑖𝑛,𝑖
𝑁𝑚𝑎𝑛
𝑖=1
∑ 𝑎𝑖
𝑁𝑚𝑎𝑛
𝑖=1
  
FMERmin, 
FMERabs,min 
Qman_min  
MERman,wavg 
∑ 𝑎𝑖𝑀𝐸𝑅𝑚𝑎𝑛𝑎𝑣𝑔,𝑖
𝑁𝑚𝑎𝑛
𝑖=1
∑ 𝑎𝑖
𝑁𝑚𝑎𝑛
𝑖=1
 (20) FMER Qman_wavg  
MERman,wmax 
∑ 𝑎𝑖𝑀𝐸𝑅𝑚𝑎𝑛,𝑚𝑎𝑥,𝑖
𝑁𝑚𝑎𝑛
𝑖=1
∑ 𝑎𝑖
𝑁𝑚𝑎𝑛
𝑖=1
  
FMERmax, 
FMERabs,max 
Qman_max  
FMERabs,min 𝑀𝑖𝑛(𝑀𝐸𝑅𝑎𝑏𝑠,𝑚𝑖𝑛; 𝑀𝐸𝑅𝑒𝑥𝑝,𝑚𝑖𝑛; 𝑀𝐸𝑅𝑚𝑎𝑛,𝑚𝑖𝑛)   Qf_abs. min Mabs,min 
FMERabs,max 𝑀𝑎𝑥(𝑀𝐸𝑅𝑎𝑏𝑠,𝑚𝑎𝑥; 𝑀𝐸𝑅𝑒𝑥𝑝,𝑚𝑎𝑥 ; 𝑀𝐸𝑅𝑚𝑎𝑛,𝑚𝑎𝑥)   Qf_abs. max Mabs,max 
FMERmin 
𝑎𝑐𝑜𝑛𝑣𝐶𝑀𝐸𝑅𝑙𝑜𝑤𝑒𝑟 + 𝑎𝑒𝑥𝑝𝑀𝐸𝑅𝑒𝑥𝑝,𝑤𝑚𝑖𝑛 + 𝑎𝑚𝑎𝑛𝑀𝐸𝑅𝑚𝑎𝑛,𝑤𝑚𝑖𝑛
𝑎𝑐𝑜𝑛𝑣 + 𝑎𝑒𝑥𝑝 + 𝑎𝑚𝑎𝑛
 (21)  QFMER_min MFMER_min 
FMERmax 
𝑎𝑐𝑜𝑛𝑣𝐶𝑀𝐸𝑅𝑢𝑝𝑝𝑒𝑟 + 𝑎𝑒𝑥𝑝𝑀𝐸𝑅𝑒𝑥𝑝,𝑤𝑚𝑎𝑥 + 𝑎𝑚𝑎𝑛𝑀𝐸𝑅𝑚𝑎𝑛,𝑤𝑚𝑎𝑥
𝑎𝑐𝑜𝑛𝑣 + 𝑎𝑒𝑥𝑝 + 𝑎𝑚𝑎𝑛
 (22)  QFMER_max MFMER_max 
FMER 
𝑎𝑐𝑜𝑛𝑣𝐶𝑀𝐸𝑅 + 𝑎𝑒𝑥𝑝𝑀𝐸𝑅𝑒𝑥𝑝,𝑤𝑎𝑣𝑔 + 𝑎𝑚𝑎𝑛𝑀𝐸𝑅𝑚𝑎𝑛,𝑤𝑎𝑣𝑔
𝑎𝑐𝑜𝑛𝑣 + 𝑎𝑒𝑥𝑝 + 𝑎𝑚𝑎𝑛
 (23)  QFMER MFMER 
(*): if PlumeRise is deactivated 859 
  860 
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Table 4:  861 
Overview of the scenarios tested by REFIR 862 
 Scenario I Scenario II Scenario III a-c 
eruption  
(day) 
Hekla 2000  
(26/27 Feb 00) 
Eyjafjallajökull 2010  
(6 May 10) 
Eyjafjallajökull 2010  
(6 May 10) 
weight factors in eq. (13) 
w1 : w2 : w3 : w4 : w5 
1 : 1 : 1 : 1 : 1 1 : 1 : 1 : 1 : 1 1 : 1 : 1 : 1 : 1 
simulation time (h:min) 
00:00 – 
05:43 
05:44 – 
10:00 
00:00 – 
12:00 
12:01 – 
24:00 
00:00 – 
01:00 
01:01 – 
01:41 
01:42 – 
03:00 
selected time base 15 min 15 min 
Scenario IIIa: 15 min 
Scenario IIIb: 30 min 
Scenario IIIc: 60 min 
remark 1) 2) 3) 4) 5) data gap 6) 
ISKEF data yes* yes* yes* yes* yes* - yes* 
ISEGS data - - - - - - - 
ISX1 data yes** yes** yes** yes** yes** - yes** 
ISX2 data yes** yes** yes** yes** yes** - yes** 
CAM 1 data yes** yes** - - - - - 
CAM 2 data yes** yes** - - - - - 
CAM 3 data yes** yes** - - - - - 
plume width (km) 0.4 – 0.6  1 – 1.5 1 – 1.5 
P0 (Pa) *** 84076 82409 82409 
T0 (K) 266 265 281 275 275 
w (m s-1) 10 8.5 9.8 14.4 14.4 
ΔT (K m-1) -0.0070 -0.0067 -0.00607 -0.00628 -0.00628 
Htropopause (km) 9.0 8.5 12.5 11.8 11.8 
Hstratosphere (km) 18.0 18.0 18.0 
Remarks: 863 
Plume height and atmospheric data used are based on measured conditions on: 864 
1) 26/2/2000, 18:17-24:00 UTC 865 
2) 27/2/2000, 00:00-04:00 UTC 866 
3) 6/5/2010, 00:00-12:00 UTC 867 
4) 6/5/2010, 12:00-00:00 UTC 868 
5) 6/5/2010, 12:00-13:00 UTC 869 
6) 6/5/2010, 13:35-15:00 UTC 870 
*Measured data. 871 
**Simulated data 872 
*** P0: Ambient atmospheric pressure at the vent  873 
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Table 5:  874 
Total erupted mass computed on the basis of Scenario III for three different time bases. For 875 
comparison, the maximum deviation between the results is presented (column 6) and referred to the 876 
highest of the three values (column 7). 877 
1 2 3 4 5 6 7 
  
Scenario 
IIIa 
Scenario 
IIIb 
Scenario 
IIIc 
max 
deviation 
relative max 
deviation 
time after 
scenario start 
time base 15 min 30 min 60 min   
 SI unit kg kg kg kg % 
63 min 
MCMER_min 8.6107 9.2107 9.5107 8.9106 9.3 
MCMER 2.2108 2.2108 2.3108 7.4106 3.2 
MCMER_max 3.8108 3.7108 3.8108 1.1107 3.0 
122 min 
MCMER_min 1.6108 1.6108 1.7108 1.1107 6.5 
MCMER 4.2108 4.3108 4.3108 6.5106 1.5 
MCMER_max 7.3108 7.3108 7.2108 4.7106 0.6 
181 min 
MCMER_min 2.6108 2.6108 2.6108 2.4106 0.9 
MCMER 6.7108 6.7108 6.6108 1.5107 2.2 
MCMER_max 1.2109 1.1109 1.1109 3.5107 3.1 
 878 
 879 
  880 
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Table 6:  881 
Effect of data gap of 40 minutes duration on the amount of data sets N stored within the REFIR-882 
internal data stack, demonstrated for scenario IIIa. The first row shows the time since eruption start 883 
(see also Fig. 15 a-c). Rows 2 - 4 (marked in green) provides the number of data sets within the 884 
according bin, with Δt being the “age” of the data since recording. Every five minutes, with each 885 
reiteration of REFIR, the data sets are passed to the next bin (i.e., next row). According to the time 886 
base settings, all data sets older than 15 min are discarded (number of data sets discarded are marked 887 
in red). Thus N, which is presented in the bottom row (blue) gives the sum of the values in the first 888 
three bins. With the incoming data stream ceasing, N stepwise decreases to 0. This development is 889 
also reflected in the N-plot, shown in Figure 15a. 890 
time after eruption start 
(min) 
60 65 70 75 80 85 90 95 100 105 110 115 120 
new data (Δt < 5min) 3 data gap 3 3 3 3 
5 min < Δt < 10 min 3 3 0 0 0 0 0 0 0 0 3 3 3 
10 min < Δt < 15 min 3 3 3 0 0 0 0 0 0 0 0 3 3 
discarded 
(Δt > 15 minutes) 
3 3 3 3 0 0 0 0 0 0 0 0 3 
N 9 6 3 0 0 0 0 0 0 3 6 9 9 
 891 
 892 
893 
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Table 7 894 
Suggestion for model weight factor settings. Upper row gives ratio of model weight factors of the 895 
REFIR internal 0D models in the order: w1 : w2 : w3 : w4 : w5 . Ratio in brackets provides suggestion 896 
for the weight factors [w1-5  : w6] for monitoring eruptions of one of the nine volcanoes listed in the 897 
default FutureVolc configuration. 898 
 899 
plume 
Information 
available 
Eruption magnitude 
weak medium strong 
vertical 
few 
4:2:2:1:1 
[5:1] 
4:2:2:1:1 
[5:1] 
2:4:4:0:1 
[5:1] 
sufficient1 
1:1:1:1:6 
[1:5] 
1:1:1:1:6 
[1:5] 
1:1:1:1:6 
[1:5] 
bent-over 
few 
0:1:1:4:1 
[5:1] 
1:1:1:6:1 
[5:1] 
1:2:2:1:1 
[5:1] 
sufficient1 
0:0:0:1:6 
[1:5] 
0:1:1:3:6 
[1:5] 
0:1:1:1:6 
[1:5] 
1Sufficient data available on magmatic temperature and atmospheric parameters.   900 
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Figure captions: 901 
Figure 1 902 
Positions of volcanoes and sensors in Iceland used by REFIR when installing the system in its default 903 
(“FutureVolc”) configuration. When changes are made to the sensor setup or once the eruption site 904 
location is precisely known, coordinates can be changed by updating the corresponding “.ini” files. 905 
 906 
Figure 2 907 
REFIR components and their intercommunication structure. The key programs of REFIR are the two 908 
python scripts FIX.py and FOXI.py, which use mainly the ASCII file fix_config.txt as communication 909 
hub. 910 
 911 
Figure 3 912 
Screenshots from the GUI provided by FIX.py. This user interface allows the operator, inter alia, to 913 
(a) specify the system settings and to (b) control the status of plume height data sources. 914 
 915 
Figure 4  916 
Plume height data channels that can be controlled by the operator (with crossed circles illustrating 917 
switches). Auto-stream channels (“a”) are marked by red arrows, while manual entries (“m”) are fed 918 
via channels marked in blue. This example refers to the Icelandic FutureVolc setting. 919 
 920 
Figure 5  921 
Schematic illustrating the data flow within REFIR. The three key data processing levels are marked in 922 
green, blue and red, respectively. First a best estimate for the plume height is obtained (level 1), then 923 
an interim prediction for the MER is computed by using a suite of internal models in combination 924 
with an external wind-affected model (level 2). Then external experimental systems are used to 925 
further refine the mass eruption rate, resulting in a conclusive best estimate, denoted “FMER”, which 926 
is also used to calculate the total mass erupted (level 3).  927 
 928 
Figure 6 929 
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Procedures followed by REFIR to constrain plume heights in order to find a best estimate. 930 
Figure 7 931 
Schematic illustration of top plume height h and center-line plume height H. 932 
Figure 8 933 
Scenario I – Hekla 2000: Plot sequence showing plume heights above vent as measured with different 934 
sensors. This test case simulated the formation of a short-lived sub-Plinian ash column, similar to the 935 
evolution of the ash plume occurring during the Hekla 2000 eruption. Screenshots show the plots 936 
provided by FOXI.py after 10 (a), 30 (b), 220 (c) and 600 (d) minutes.  937 
 938 
Figure 9 939 
Scenario I – Hekla 2000, simulated data stream by six sensors: (a) plume height sector plot, (b) N-plot 940 
and (c) the plot displaying the constrained plume height. The latter plot, in contrast to the other plume 941 
height plots produced by REFIR, provides absolute plume height values above sea level (a.s.l.), not 942 
above vent (a.v.). It presents the result of the first data processing level (see also section 2.5 and Fig. 943 
5, green box) which was in the next step converted to height above vent h and then used as input 944 
parameter for the plume models integrated in REFIR.  945 
 946 
 947 
Figure 10 948 
Scenario I – Hekla 2000, simulated data stream by six sensors. Plots of (a) CMER, (b) FMER and (c) 949 
total mass as a function of time, as provided by FOXI. CMER (bold dashed blue line) stands for the 950 
mass eruption rate estimated with up to six conventional models. The conclusive best estimate 951 
provided by FOXI.py is FMER (dashed red line), plotted along with its predicted range of uncertainty. 952 
Bottom plot shows the total erupted mass, estimated for scenario I, finally ranging from 3.41010 kg 953 
to 5.81010 kg. 954 
 955 
Figure 11 956 
Scenario I –Hekla 2000: resulting plots of simulation, this time with measured data provided 957 
exclusively by ISKEF. The reduced number of data streamed to FOXI.py are reflected by the N-plot 958 
(shown in a). It resulted in an increased range of uncertainty for the estimated FMER (shown in b) and 959 
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consequently also in that for the erupted mass (shown in c). FOXI.py estimates the overall mass 960 
erupted during the 10h scenario to be in a range from 3.31010 kg to 6.31010 kg. 961 
 962 
Figure 12 963 
Scenario II  – Eyjafjallajökull 2010: Plume heights plotted by the individual sources (a).  No 964 
significant difference between the Eastern and the Western sector was simulated, as it can also be seen 965 
in the plume height sector plot (b). 966 
 967 
Figure 13 968 
Scenario II  – Eyjafjallajökull 2010: (a) N-plot and (b) estimated plume height. Except for a slight 969 
increased plume height at ~960 min, the top of the ash plume remained at a relatively constant 970 
altitude. 971 
 972 
Figure 14 973 
Scenario II  – Eyjafjallajökull, 2010: (a) CMER and (b) FMER as functions of time. Since all included 974 
plume models depend on the plume height, the peak at ~960 min resulted in a significant increase in 975 
the estimated mass eruption rate.  Plot (c) shows the total mass erupted as a function of time for the 24 976 
hours of the simulation. 977 
 978 
Figure 15 979 
Scenario II – Eyjafjallajökull, 2010: Resulting plots at the end of the 3h simulation of scenario III. N-980 
plots (left column), computed plume heights (center column) and CMER plots (right column, for 981 
legend see, e.g., Fig. 10 a.) are presented. The individual rows present the FOXI.py outputs with a 982 
selected time base of (top row) scenario IIIa, 15 minutes; (middle row) scenario IIIb, 30 minutes; 983 
(bottom row) scenario IIIc, 60 minutes.  984 
 985 
Figure 16 986 
Scenario III  – Eyjafjallajökull, 2010: Total mass erupted as a function of time computed for the 987 
simulations of scenarios IIIa-c. The data set on which this situation was based featured a data gap 988 
between minute 65 and 95 (grey box). Error bars indicate the corresponding values for CMERlower and 989 
CMERupper.  990 
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Figure 17 991 
Plots provided by REFIR in the activated “analysis” mode. This mode should assist the user in 992 
monitoring the situation on incoming data. The plots present, separated by data channel, the age of the 993 
latest received datum (a) and the total number of data provided (b.), separated by data channel.  994 
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